Several topics in projects for mechatronics studies, which are ʹHuman Adaptive Mechatronics (HAM)ʹ and ʹHuman-System Modelling (HSM)ʹ, are presented in this paper. The main research theme of the HAM project is a design strategy for a new intelligent mechatronics system, which enhances operatorsʹ skills during machine operation. Skill analyses and control system design have been addressed. In the HSM project, human modelling based on hierarchical classification of skills was studied, including the following five types of skills: social, planning, cognitive, motion and sensory-motor skills. This paper includes digests of these research topics and the outcomes concerning each type of skill. Relationships with other research activities, knowledge and information that will be helpful for readers who are trying to study assistive human-mechatronics systems are also mentioned.
Introduction
There are a growing number of disciplines for humanfriendly mechatronics design such as Human-factors engineering, Ergonomics design and Human centred design. These technologies have been utilized for the design of mechatronics systems and gadgets in our daily life. No matter how well mechatronics are designed, however, there are always situations where the user has to adapt to a mechanical system on one level or another. The reason is that usually the machine itself is not designed so as to adapt to each human user, although human users can adapt to each mechatronics system. Therefore, to resolve such a seemingly contradictory situation, the concept of Human Adaptive Mechatronics was launched in 2004 [1] . A HAM-project was started as a 21st century Centre of Excellence (COE) programme supported by MEXT (Japanese Ministry of Education, Culture, Sports, Science and Technology) during 2004-2008 [2, 3] . Required functions for HAM are the ability to adapt to an operator's skill and assist them. Therefore, human-skill evaluation methods and assistance control methods (for instance, a tiny force assist control on an haptic system [4] , an adaptive impedance control [5, 6] , an assistant control system recovering against inadequate human operation [7] and safe manual control [8] ) were studied and several applications, such as a surgery support robot system [9] , were developed.
The conceptual meaning of ʺskillʺ has been, however, dealt with ambiguously. In other words, systematic approaches considering skill type have not been discussed sufficiently in the HAM project. Hence, as the next challenge after the HAM project, new research into `human-system modellingʹ was carried out during 2008-2010 for the systematization of skill evaluation and assistance control [10] . The main purposes of this are ʹthe establishment of systematic human system modellingʹ and ʹthe accumulation of assistance methods and skill evaluation methodsʹ. For the first purpose, a hierarchical classification of skills was proposed, as shown in Fig. 1 . This classification was based on existing human models (such as a Normanʹs seven stage model, a model human processor and Rasmussenʹs skill/rule/knowledge model) and outcomes obtained from the HAM project [11] . The hierarchy consists of the following skills: social-(S1), planning-(S2), cognitive-(S3), motion-(S4) and sensorymotor (S5) skills. The S5, a sensory-motor skill, is the lowest and relates mainly to voluntary motion. This skill concerns cooperation between the neural system and the musculo-skeletal system inside the human body. S4 (motion skill) relates to the continuous execution of each body part motion. For example, the sequential execution of finger, hand and arm motions when using a hand tool. S3 is cognitive skill. This mainly concerns recognition of circumstance and includes a wide range of cognitive issues, such as the understanding of meanings. S2 (planning skill) relates to understanding a whole task process and recognising sub-tasks within the whole task. This skill also relates to the task management of subtasks, which requires consideration of eventsʹ causality and time scheduling. S1 is social skill, which relates to communication, conversation, negotiation and the estimation of other intentions.
Of course this hierarchical classification is not perfect; however, such classification will be helpful for research concerning human skills and for the design of human assistive systems. For instance, when a job involves assistance system design, the system designer will be able to find a better approach of how to deal with each skill type after clarifying the priority of these skill types. By referring to similar methods categorized as each skill type, concrete solutions for the design of an assistive system can be obtained. Therefore, this paper introduces research activities, knowledge and information, which will be useful for readers who are trying to study assistive mechatronics systems. In particular:

Digests of the authorsʹ research activities and outcomes concerning each skill type are shown and  Items and factors that should be considered for each skill are explained.
The organization of this paper is as follows. Section II introduces experimental tasks, which were designed or used in the authorsʹ study. These tasks are explained in advance in order to make the following topics easier to understand for readers. In Section III, analyses and outcomes relating to each skill type are explained with an introduction to the background and other existing studies. Section IV introduces a comprehensive analysis that addresses the social skills involving other levels. Finally, Section V is a conclusion of the research.
Experimental tasks to investigate individual skill levels
Research on the human-system modelling project has been carried out basically through the following process: 1) design of experimental tasks concerning the hierarchical classification of skills, 2) collection of data of human behaviour measured using these experimental tasks, 3) proposal of a skill evaluation method by analysis of the collected data, 4) suggestion of how to design an assistance system by utilizing the obtained knowledge and 5) verification of the presented assistance system by using the experimental task again. In order to help the reader understand the topics described in the latter sections, each experimental task is explained in this section.
A. Stick stabilization task (ss-task)
Stick balancing is a good example of a method to study a voluntary motion mechanism, since the participant has to recognize the status of the stick (that is a controlled object) and control his/her own hand according to the status. Many studies on stick balancing or manual control of a pendulum have been reported [12] [13] [14] [15] [16] [17] [18] [19] . The following facts about a skilled stick balancer are known:

The distribution of changes in hand velocity is a truncated Levy distribution [15] . 
The power spectrum of fluctuations in the stickʹs height shows two scaling regions with two different power laws [14, 18, 20] .  About 98% of corrective movements occur faster when compared to the time delay of human perception [16] .
Since knowledge of the skill properties required for stick balancing is well known, a stick balancing task was adopted for the authorsʹ study and investigation of the sensory-motor skill. Since our primary research concern is human assistance in a machine operation, an experimental system to stabilize a virtual computergraphics (CG) stick by manipulation of a machine was developed, as shown in Fig. 2 (a). The experimental system consists of two units: a real-time computer graphics generation of a virtual pendulum and a haptic interface device. The participant manipulated a grip fixed to the slider of the interface device and the force exerted by the participant was measured by a sensor embedded in the slider. The motion of the virtual pendulum was computed in real time using the measured force. A process and principle for acquiring the sensory-motor skill were investigated by analysing the relationship between the force and status of the virtual pendulum by the system identification method along with a brain monitoring method An optical topography system, which is a non-invasive measurement of changes in the concentration of oxy-and deoxy-haemoglobin using near-infrared spectroscopy (NIRS), was used as a brain monitoring method, as shown in Fig. 2 (b). Since "the hemodynamic response is partly related to neuronal activity [21] " the activation strength in each local brain area can be estimated by detecting changes in the concentration. NIRS is robust against electrical noise because it utilizes optical measurement, which allows it to measure the brain activation of natural behaviour in a non-restrictive environment, such as speaking [22] , reading [23] and language recognition [24] . Because of the admissibility to participantʹs natural body motion and the robustness against electrical noise from other machines manipulated by him/her, NIRS was adopted for our study.
B. Remote radio control task (rr-task)
In this task, a participant executes tele-operation of radiocontrolled constructing machines [25] . This task was devised to analyse the hand and eye motion of the operator in order to investigate cognitive and planning skills. The purpose of the operation was basic soil excavation work, as shown in Fig. 3 (a). The field included three drilling sites, one unloading site, a motorable road and restricted areas. The operator manipulated both an excavator and a truck and used console switches to move the machines to the drilling site, collect sample pieces with the excavator, load the pieces on the truck bed and carry them to the unload site by the truck. He/she was required to optimize the task scheduling by considering shortening the task time.
Wireless cameras on the excavator and the truck captured video images and displayed the images on monitors for the operator, as shown in Fig. 3 (b). To measure the positions of the machines in the field, infrared LED markers were placed on the work area and were attached to the machines and were observed by a camera attached to the ceiling. Their positions and directions were computed by the Labview system with an imageprocessing module. The operation of switches on the console was also recorded by the A/D and DIO interface in the Labview system. Eye motion of the operator was also measured and utilized for skill analysis.
C. Dynamic driving task (dd-task)
This task is a kind of driving simulator that imitates the dynamics of a hovercraft on a giant slalom course. A hovercraft was adopted since its manipulation was difficult for almost all participants in the beginning. Fig. 4 shows the whole course. The course consists of side walls, a start-line, a goal line and 15 check-flags. Participants were required to propel the hovercraft to the goal passing through all 15 flags. At that time, he/she was requested to consider the following two points: whether to be as fast as possible and as close to the flags as possible. The operator controls the hovercraftʹs thruster forces by manipulating a joystick, as shown in Fig 
D. Cooperative carrying task (cc-task)
This task was designed to collect data of human behaviour in order to analyse social and planning skills.
Conversation among participants and their eye motions were recorded and brain activity, brain waves and the robotsʹ manipulation data were measured during the task. Fig. 6 shows the experimental scene and the recorded image for gaze analysis. In the cooperation task, three participants worked in the same virtual space. Each participant sat in front of each monitor, used a joystick to manipulate their own virtual mobile robot, cooperated with the other operators and conveyed three boxes to target places. Fig. 7 shows an overhead view of the virtual space. The virtual space layout was intentionally designed so as to require cooperation, such as simultaneous action to rotate the box, to induce self-motivated operation among participants. 
Analysis and its outcome
Results obtained by the experimental tasks, which were mentioned in Section II, are explained in this section with respect to each skill type.
A. Sensory-motor Skill (S5)
Sensory-motor control is an essential human processing/motion system, which involves haptic and visual perception, information processing in the brain and an activation of muscles in the arm and leg. In the manipulation of most mechatronics systems, visual information is mainly utilized. Specifically for skilled manipulation of a machine, adequate ability of a visuomotor control is required for the operator to control their own arm and hand in order to adjust motion of an interface device such as a handle or a lever depending on a change of scene. As studies of visuomotor control, numerous studies such as a linear servo control model [26] , a PID-based time-variant model having randomness [27] , and an optimal control model [28] are known, and they have been utilized for a design of human-machine systems. Although the focuses of those models differ according to its objective, the main points of the discussion about visuomotor control are (a) time-delay compensation, (b) learning and (c) estimation. Concerning point (a), delays lie between about 30ms for a spinal reflex and up to 200-300ms for a visually guided response [29] . Since a delay decreases the stability of the whole system from a control engineering viewpoint, the visuomotor control cannot work well without some compensation for delay. The Smith-predictor is often used as a human model to compensate for time-delays in the nerve system [30] when a target system controlled is stable. However, if the controlled system is unstable, the Smith-predictor is not adequate for the human control model since an estimation error in the Smith-predictor does not decrease theoretically [31] . In that case, it is said that a human model behaves like a forward model in a sensory pre-processing loop. In short, there is more than one way to explain the human visuomotor process. Regarding the discussion of point (b), a feedback-errorlearning model is widely accepted [32] . The concept of the model is that a forward model-based controller gives the most suitable explanation for the visuomotor control after learning [33] . The forward model is considered to be a basic mechanism for estimating the next state of the body motion [31] . This corresponds to point (c).
The mechanisms of the visuomotor control are explained as mentioned above. However, few models can explain the stages of the learning process clearly. Therefore, in our study the changes in brain activities and control characteristics of the human operators were investigated from the beginner-level till the expert-level by using the ss-task. First, participants were trained in the ss-task and hand motion/force was measured. At the training stage, at least ten trials a day (over more than five days) were imposed for each participant. Written consent and ethical approval were obtained before the examinations (all experiments were done after consent and ethical approval.) Second, in order to investigate the distribution of changes in the hand velocity of participants, the skill levels of the participants were classified into highperformance (HP), moderate-performance (MP) and lowperformance (LP) by referring to Cabreraʹs studies [14] . Finally, using the data of the HP participants, the control characteristics of the skilled stick balancers were identified. In particular, if a human is assumed to be a controller that perceives an inclination angle of the pendulum  and outputs the hand force fh, the following control law in consideration of the time shift can be defined: As the drift term d k is sufficiently smaller than any of |k |  or |k |   , Eq.
(1) appears to be appropriate as the form of the control law of the expert. Moreover, the magnitude of |k |      was larger than that of the other terms; hence, it transpired that the expert was paying attention to the change in velocity more than posture information. Furthermore, Fig. 8 shows that the error index in the vertical axis is smallest when 0.18    and that the error index in the horizontal axis is smallest when 0.04
. This negative sign of    is interpreted as the prediction concerning the measured velocity information.
In conclusion, the expert recognized the posture of the controlled object about 0.18 seconds after observation and predicted the velocity about 0.04 seconds before by using oneʹs internal model. It can be surmised that the prediction based on an internal model of the controlled object is key to the skilled visuomotor control.
Next, the measured NIRS data were analysed to find the brain property of the skilled balancers. Generally, the primary motor cortex (MsI) and the primary somatosensory cortex (SmI) are important for voluntary motion and the movements of most muscles in the body are controlled by local regions in these cortices. Furthermore, the supplementary motor area (SMA) and the premotor cortex (PMC) relate to generating command of the voluntary motion from the generated intentions. Locations of these brain areas and the measurement position of the NIRS headset are illustrated in Fig. 9 (a) and 9(b), respectively. The International 10-20 measurement system, which is an application method that uses the electrodes of an electroencephalogram and is based on the distance between the nasion and the inion of the scalp, was used to determine the position of the probe. Changes in the concentration of total haemoglobin (sum of oxy-and deoxy-heamoglobin) were measured using an ETG-4000 system (Hitachi Medical Corporation, Tokyo, Japan). Reflections of lasers in the near infrared were measured 10 times during each sampling interval and the measured data was output every 100ms by averaging these reflections to attenuate noise effect. The 48ch data of total haemoglobin were analysed using principal component analysis (PCA). As a result, a topography map in the brain showed the difference between the HP, MP and LP participants, as shown in Fig. 10 . When we investigated activation of the HP participantʹs brain, activation of the right and left regions corresponding to the eyeball in the primary motor cortex (MsI) could be recognized (the corresponding area is labelled using (a3) on images (a) in Fig. 10 ). Further activation in the right arm and hand regions (that are located at MsI in the left hemisphere) was not strong. On the other hand, strong activations for the MP and LP participants were found in the narrow areas of the torso and hip, as shown by (b1) and (c1) in Fig. 10 . From these facts, it would be appropriate to think that activation of the ocular motor area is a characteristic of the HP participant. This means a skilled person concentrates on observing more than controlling. According to a study by Cabrera, a skilled stick balancer performs the on-off intermittency control (the drift-andact control). That is, an expert at stick balancing moves the hand faster than the time delay of human perception using a feed forward control and he/she changes this into feedback control when the pendulum link tilts largely. Existence of the on-off intermittency control means that a human is not a simple continuous-time controller but a complex of controllers that are switched depending on the circumstances. However, from the above-mentioned identification results, it was shown that stick balancing control can be described well by one linear model involving two types of time shifts for the position and velocity, as defined by Eq. (1). This indicates that the onoff intermittency control can be approximated by one control law involving two types of time shifts. This formula will be effective as one for human controller models to design human-assistive mechatronics [34] .
B. Motion Skill (S4)
The general motion of a person consists of a sequence of simple motions including voluntary motion. Therefore, the performance of the action decreases if transitions between motions are not sufficient. To investigate the skill of such general motion, characteristics of the transition and the motion control in operators were analysed using the dd-task, which is more general than the ss-task from the point of view of a general machine operation. Using gaze measurement during machine operation, all the operation sequences were segmented into piece-wise linear intervals by checking the saccadic eye movement of the operator's change in gaze position from one target to another.
An illustration that explains the spatial relation in the ddtask virtual space is shown in Fig. 11 , where  is a relative angle of the hovercraftʹs travelling direction to the closest flag (=first flag) and d is the relative distance between the hovercraft and the first flag. Here,  is a change of the elevation angle against the fore object and is known as optic flow, which is an effective index for analysing driving behaviour [35] . Note that d and are geometrical variables in a virtual 3D space and the  is a variable against the 2D monitor screen. This index is based on the concept that a human utilizes a change of elevation angle to estimate a change of perspective. The control law of the operator was identified using the following piece-wise linear model with three inputs (, , d) and one output (a rotation command to the hovercraft, ). 
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where tʹ is the time when the operator saw the second flag first and i i a , b and i c (i=1,2,3) are gain parameters to be identified. After identification, the transition of the ratios in these gain parameters, which were computed as follows, were investigated to check the learning process:
: 100 ave(b / (a b c)) Five trials a day during five days were carried out by five novice participants and the obtained data were analysed by the aforementioned procedure. Table 1 summarizes the correlation factors between each ratio  and the manipulation performance (sum of minimum approach distances to flags, Ef) for each participant. all positive, the gain ratio of  decreases as the participant becomes more skilled, because Ef decreases as the trial increases. In other words, a weakening of the utilization of the elevation angle information is related to an increase in skill. Similarly, other correlation factors of (Ef vs   ) and (Ef vs d  ) are all negative. Hence, the participants increased the gains to the relative angle and the distance d. These variables are not observable directly to the operatorʹs eye since and d are variables in the virtual 3D space. Therefore, it is interpreted that a skilled operator can recognize the virtual 3D spacial relation from the 2D image information displayed in the monitor. This fact is useful for evaluating skill in tele-operations.
C. Cognitive Skill (S3)
For the operation of mechatronics, especially for vehicle machine operation, an ability to understand the environment around the operated machine, that is cognitive skill, is required. Although research regarding cognitive skill essentially belongs to the psychological field, how to utilize it for a mechatronics system should be considered for mechatronics engineers. Therefore, our study concerning cognitive skill was promoted to find a better methodology for a design of a mechatronic assistance system by utilizing the rr-task.
First, we focused on the gaze from which the cognitive activity might be estimated from outside. The cognitive skill for machine operation was investigated through analysis of the eye motion. As a result, video analysis of the gaze pattern in the training process showed the following facts: at the early stage, the operator tends to watch more than one monitor on the console desk in order to watch the target object; at the skilled stage, he/she watches a space and the ground through one main monitor and does not see the target directly [36] . These facts are interpreted as follows. The operator acquires proficiency in environmental cognition and does not pay attention to objects directly, then uses visual perception mainly to check positional relation inside the workspace. Such characteristic behaviour can be utilized to estimate cognitive skill level from eye motion.
Second, a machine function to evaluate an operatorʹs cognitive skill level qualitatively was studied. One powerful computational tool for this is ontology, which is a network model to describe a knowledge structure. Originally, ontology is a term used in philosophy and is the study of the nature of being, existence or reality in general. In more recent computer science, this concept is used as the basic category of being and relations that can be shared by both a human and a computer. Building up ontology consists of two steps: (1) extraction of relations of `concept classesʹ as a `semantic linkʹ and (2) repetition of segmentation of each concept class into small classes. In our research, structures of the knowledge required to perform the cc-task were built by the Action Fast Method [37] and the methodology to apply it to a design of human-machine systems was studied. For instance, a part of the cc-task ontology is shown in Fig. 12 . Since factors and causality that relate to present statuses can be estimated by referring the link network of the concept classes in the obtained ontology, the network structure of ontology can be utilized to guess an operatorʹs (future) intention and to evaluate their cognitive skill. An applied example is mentioned in Section 3.D2. 
D1. Evaluation of skill from the reaching action
After mastering both voluntary motion control (S5) and the combination of their motions (S4), a planning skill to manage sub-actions is required. Since planning is a reiteration of judgement and the execution of actions, superiority and inferiority in the connections of these two processes appears as a difference in the level of the planning skill. Conversely, the detection of unnatural motions may be effective in evaluating the level. In fact, such unnatural motion is known as microslip, which is a jerky movement in a hand reaching action. By Reedʹs definition, there are four types of microslip: trajectory change, hesitation, change of the hand shape and touching objects [38] . It was reported that microslips appear more frequently under high cognitive loads and complex circumstances [39] . In our previous study, the relationship between task performance and microslips was investigated through a coffee-making test and the strong correlation was confirmed statistically [40] . This result indicates that a human's planning skill can be estimated by observing the hand motion.
Therefore, using the rr-task, the planning skill of a machine operation was investigated by focusing on the operators' hand motion. To be more precise, the discrete movement of hand was investigated using Fittsʹ law [41] . Fittsʹ law is an experimental formula concerning the time and distance of a voluntary hand motion. This law is valid for a reaching action of other body parts and of nonstraight line courses [42] . Fittsʹ law has been used for the evaluation of computer interface designs, such as a GUI [43, 44] or a stylus [45] . The present authors also guessed that the level of planning skill might be detected by checking the error against Fittsʹ law when inadequate action like a microslip occurred. Therefore, the travelling time/distance of the discrete hand motions in a machine manipulation on the console desk were investigated. Fig.  13 shows the layout of the switches on the control desk. Each planar coordinate value (x, y) of the switch position was registered as a table and the distance D was computed as a Euclid norm between the starting point (x, y)s and the ending point (x, y)e of each hand reaching motion. The target width W is the size of lever grips and was also obtained from a pre-registered table. The following formula was used for the analysis by referring the Fitts' law.
where R T is the travelling time of one reaching action and k1 and k2 are constant coefficients. x is an index of difficulty and it depends only on geometric data of the distance and width. e is a fitting error to Fittsʹ law. e was newly introduced in our study and was assumed to vary by cognitive load on the operator. The coefficients k1 and k2 were identified by a least square method with Eq. (6) using the multiple paired values R { T,x} from all the reaching actions data. Describing the identified coefficients as 1 k and 2 k , the fitting error e[i] of the ith reaching action was computed as Fig. 14(a) and 14(b) show the mean value and covariance of the fitting error to Fittsʹ law, respectively. Each dotted line denotes the data of each participant and the bold solid line is the average for all eight participants. It was confirmed that the covariance of the fitting error decreased ( Fig. 14(b) ) as the number of trials increased, although the mean of e was almost flat (Fig. 14(a) ). This fact indicates that covariance of the fitting error to Fittsʹ law is usable for evaluating the planning skill [46] . 
D2. Estimator of operatorʹs intention
Since planning is a decision of operational intentions, a function to guess the operatorʹs intention is also required for an intelligent assistive machine, which enhances human operation. Estimation of a userʹs intention is quite useful for various applications, such as in assistance software [47] , prediction of usersʹ requests on the Internet [48] and marketing [49] . Estimation of intentions for a general human-machine system is, however, more difficult than the above-mentioned successful examples since it is also difficult to identify the information types which are utilized for the operatorʹs decision making.
To address this problem, the present authors proposed an algorithm to estimate an operatorʹs intention using the clustering technique with the multivariate time-sequence data of the machine operation [50] . In the algorithm, the intentions are assumed to be an internal status of the human model. Therefore, the problem can be considered as a design of an observer that estimates the operatorʹs internal status in the human-machine system, which consists of a human (operator), a machine (to be manipulated), an environment and the work task, as shown in Fig. 15 . p(z |s ,z )  corresponds to a probabilistic distribution of a transition of intention from zt-1 to zt given input st. In our approach, the state transition relation of an operatorʹs intentions was formed using Self-Organizing Map (SOM), which was trained using the measured data of the operation and environmental variables with the reference intention sequence. SOM is an artificial neural network for discriminating multi-dimensional data and is adequate for data processing of large dimensional data since the SOM technique can compress multidimensional information into a lower (two) dimensional map by keeping original topological information. In other words, similar types of data gather together and different types get away from each other on the clustering map. Such Bayesian property embedded in the SOM is expected to be utilized to predict a transition of status and we utilized it for the Bayes filtering algorithm to compute the probability of state transition. Refer to [50] for the detail.
Applying the proposed algorithm to the rr-task, the estimatorʹs ability was verified. First, types of remote operation of the construction equipment and the definitions of elements (1) (15) z, z  in intention vectors z were defined, as summarized in Table 2 . Table 2 . Classified operational intention modes, variables and labels Second, the SOM was trained using time-sequence data including the machineʹs status and command of operation. The obtained SOM is shown in Fig. 16 . Labels described in Table 2 are attached to each cluster of the corresponding mode in the figure. It can be confirmed that obvious clusters are formed. Figure 16 . Operation modes map generated by SOM Third, using the above-mentioned Bayes filtering algorithm with the obtained SOM, say the SOM-Bayes estimator, intentions of other operators were estimated as a validation. Fig. 17 shows the transitions of the estimated intention by comparing with the humandiscerned intentions. Lines show the transitions of intention modes from T/A-a ( (1) z ) to T/TU ( (15) z ). Red lines were identified by the SOM-Bayes estimator. Blue lines were discerned by a human analyst. The red lines by the estimator overlap with the blue lines by the human analyst well in the case of almost all intention modes. Additional analysis confirmed that the estimator could identify the intention modes at 44-94% concordance ratios against normal intention modes whose periods can be found by about 70% of human analysts [50] . Moreover, it was shown that distances between clusters on the SOM have a strong relation to the operatorʹs skill level in task performance [52] . As shown above, it was demonstrated that not only estimation of intentions but also evaluation of skill is available by utilizing SOM. In addition, the SOM-Bayes intention estimator can be enhanced by combination with a Petri net based on ontology, which was shown in the previous Section III. 3 . Refer to [53] for the details.
Comprehensive analysis of high-level skill
Skills from the sensor-motor skill (S5) to the planning skill (S2) concern a relationship between one operator and a machine(s). Social skill (S1) differs from those skills in terms of an existence of more than one person; hence, the social skill is conceptually highly independent compared with the other skills. Social skill is, however, inseparably connected to the other skills since an enhancement of social skill comes after mastering those other skills. For instance, the planning skill is often taught to other people via social communication.
The authors studied social skill by using the cc-task investigating other skills. The cc-task is a type of the vehicle tele-operation task, which is similar to dd-task. In this experiment, the participants joined the cc-task after they had mastered the manipulation of a virtual vehicle so as to eliminate an effect of a learning process of the sensory-motor skill. Several studies about social skill using the cc-task are introduced below.
A. Role in a collaborative work
Individual characteristics of the operatorsʹ behaviour in the collaborative work were investigated through analysis of log data, including the machine operation and vehicle motion of all participants. The individual characteristics were classified into three types: observer, leader and transporter. Through analysis, it was confirmed that adequate and obvious role allotment according to circumstance increased the efficiency of the whole work [54] . Fig. 18 shows that the distribution between the ratio of conveying and the ratio of observation had spread as the cooperative skill increased. This study could present one of indexes to evaluate social skill. 
B. Analysis of spoken language
From the point of view of communication, which is a representative property of social skill, corpuses of utterance in conversation among participants were analysed. It was found that corpuses used among them were commonalized as the social skill increased and that common ground was formed [55] . This fact indicates that sharing of a common communication scheme specialized for a given task is significant for a skilled team.
C. Analysis of eye motion
Eye motion is important not only for visuomotor control and perception to recognize circumstance but also for nonverbal communication. Eye motion occurs in order to guess another personʹs intention by watching the eyes, or is utilized as a cue for mutual confirmation with other people. A well-known example is a joint attention [56] . Direction of gaze is also utilized for nonverbal communication by combination with pragmatics [57] . These follow that eye motion may reflect social skill. Therefore, in this subsection, an attempt to derive an equation to estimate team skill from the measurement of the eye motion of an individual is shown.
Basic eye-movements are saccade, fixation, smooth pursuit and nystagmus. In our study, saccade and fixation were investigated in common with existing studies [58, 59] . Specifically, the following factors were investigated: (1) response time of eye-movement against the target object's motion, (2) gaze duration, (3) frequency of saccade motion, (4) velocity of saccade and (5) movement distance of saccade. Moreover, it is known that the driver of the vehicle tends not to notice events captured in the peripheral vision area since he/she concentrates on the direction of travel of the vehicle [60] . It is also known that inessential eye movement of a skilled driver decreases [61] . Taking into consideration these facts, two cases of low and high speed driving were considered against the above-mentioned five factors and total ten characteristics factors were investigated in our study.
Since the aim of the analysis was to induce an equation, which evaluates a canonical team-skill, the induction was processed eliminating outliers from the measured data. Specifically, data including strong individual differences were eliminated by the Smirnov-Grubbsʹ outlier test (p<0.1) and the normality of the remaining data was checked by Lilliefors test (p<0.1). Then, correlation of averages of each factor among participants was investigated. It was confirmed that three factors, which are saccade velocity of high-speed driving, saccade distance of high-speed driving and saccade velocity of low-speed driving, have a high correlation with the number of trials. Next, these three eye-movement factors were decomposed by PCA. Finally, an equation to estimate a team skill was derived by using the weighting coefficients corresponding to the first dominant component vector on the PCA. Transition of the skill values predicted by the deduced equation is shown in Fig. 19 . Investigating those predicted values against another skill index, a high correlation (0.56-0.84) was confirmed. Hence, the effectiveness of the deduced skill equation was confirmed [62] . This result can be utilized to evaluate team skill in collaboration work using the machine manipulation. 
Conclusion
This paper introduced a hierarchical classification of skills, which is helpful for designing assistive systems for machine operators. After the experimental tasks for investigations into the five types of skills in the classification were explained, research applications and the outcomes, which are the skill evaluation methods and assistive system designs, were presented. Although any task is related to various types of skill level, utilization of the hierarchical classification of skills will make what is important for designing an adequate assistive system for the given task clear.
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